The increase in urban construction in China has been accompanied by increasing concrete output, which has reached 2250 million m 3 in recent years, ranked as the highest in the world. Consequentially, its environmental burden is significant in terms of resource use and carbon emissions. An adaptive surrogate model based on an extended radial basis function and adaptive sampling method was used to optimize the design of a concrete mixture in order to reduce its CO 2 emissions and cost. The adaptive sampling method based on the multi-island genetic algorithm was adopted in order to improve the adaptive capability and accuracy of the surrogate model by selecting the proper sample size and ensuring uniform distribution of the sample points in the designed space. Three types of concrete with different strength, that is, C70, C40 and C30, were optimized by controlling the amount of fly ash and phosphorous slag in the samples. The optimized results showed that fly ash and phosphorous slag have a significant influence on the CO 2 emissions of concrete and optimized concrete's cost, while CO 2 emissions were less than that of the reference samples. Therefore, the optimal mixture is with great significance to reduce the carbon emission of concrete, which also has implications for decreasing the environmental burden of concrete. In this way, we can optimize concrete of different strength to reduce carbon dioxide emission.
Introduction
The increase in urban construction in China has been accompanied by an increasing concrete output. Concrete output and year on year growth of China in the period 2006-2017 is shown in Figure 1 . The left y axis represents the annual increase of China's concrete production, which tended to be stable from 2013 to 2017 and had reached 2250 million m 3 , ranked as the highest in the world [1] . The right y axis reflects the slight change of year-over-year growth from 2014 to 2017, which indicated that concrete tends to be stable in these years. Ordinary Portland cement (OPC), a traditional cementitious material in concrete, requires large amounts of energy for production and the manufacture of 1 ton of cement releases 1 ton of CO 2 [2, 3] . Globally, 4.1 billion tons of Ordinary Portland cement were produced in 2015, which corresponds to 25-30 billion tons of concrete [4] , accounting for 8-9% of the global man-made CO 2 emissions [5] . Therefore, in order to reduce CO 2 emissions from concrete, many researchers have concentrated on developing cementitious materials to replace OPC, such as fly Evolutionary algorithms and genetic algorithms (GAs) were the main traditional optimization methods for reducing CO2 emissions and cost of concrete [11, 12] . However, recently, other optimization methods have been developed. For example, Camp and Assadollahi (2013) optimized the CO2 emissions and cost of reinforced concrete frames by using a big bang-big crunch algorithm [13] . Le et al. (2018) proposed simulated annealing (SA) to lower the CO2 emissions and cost of reinforced concrete frames [14] . Hong et al. (2012) built an integrated model to estimate the CO2 emissions and cost of ready-mixture concrete in order to realize sustainable structural design [15] . However, these studies indicated that the optimization methods depend on a lot of experimental data, which could consume a lot of computing time, equipment and materials so on [16] . The surrogate model was originally developed using optimum structural design [17] based on an approximate mathematical model, which can replace more complex and time-consuming numerical analysis in the analysis and optimization design process. The surrogate model cannot only improve the optimization design efficiency but also reduce the difficulty of optimization [18] . The techniques associated with the surrogate model include the response surface methodology (RSM), the kriging method, the radial basis function (RBF) and the extended radial basis function (ERBF) [19, 20] . The ERBF method is the most flexible of these [21] . In addition, all the alternative model methods showed no indication of adaptation at the sampling point [22, 23, 24] . Thus, in this study, in order to optimize a concrete mixture to achieve the lowest CO2 emissions and cost, a surrogate model was built using the ERBF and the adaptive sampling method. The latter was adopted to enhance the adaptive capability and accuracy of the surrogate model by selecting the proper sample size and ensuring all the sample points are uniformly distributed in the design range [25] .
However, the environmental burden of concrete is not limited to only CO2 emissions in one specific stage of the process. The analysis and quantification of the overall environmental impacts of Evolutionary algorithms and genetic algorithms (GAs) were the main traditional optimization methods for reducing CO 2 emissions and cost of concrete [11, 12] . However, recently, other optimization methods have been developed. For example, Camp and Assadollahi (2013) optimized the CO 2 emissions and cost of reinforced concrete frames by using a big bang-big crunch algorithm [13] . Le et al. (2018) proposed simulated annealing (SA) to lower the CO 2 emissions and cost of reinforced concrete frames [14] . Hong et al. (2012) built an integrated model to estimate the CO 2 emissions and cost of ready-mixture concrete in order to realize sustainable structural design [15] . However, these studies indicated that the optimization methods depend on a lot of experimental data, which could consume a lot of computing time, equipment and materials so on [16] . The surrogate model was originally developed using optimum structural design [17] based on an approximate mathematical model, which can replace more complex and time-consuming numerical analysis in the analysis and optimization design process. The surrogate model cannot only improve the optimization design efficiency but also reduce the difficulty of optimization [18] . The techniques associated with the surrogate model include the response surface methodology (RSM), the kriging method, the radial basis function (RBF) and the extended radial basis function (ERBF) [19, 20] . The ERBF method is the most flexible of these [21] . In addition, all the alternative model methods showed no indication of adaptation at the sampling point [22] [23] [24] . Thus, in this study, in order to optimize a concrete mixture to achieve the lowest CO 2 emissions and cost, a surrogate model was built using the ERBF and the adaptive sampling method. The latter was adopted to enhance the adaptive capability and accuracy of the surrogate model by selecting the proper sample size and ensuring all the sample points are uniformly distributed in the design range [25] .
However, the environmental burden of concrete is not limited to only CO 2 emissions in one specific stage of the process. The analysis and quantification of the overall environmental impacts of concrete production require a holistic analytical approach [26] . The most suitable approach for this is life-cycle assessment (LCA), which is mainly used to estimate the environmental impact (e.g., global warming) of a product from cradle to grave. Peng and Pheng (2011) calculated the overall CO 2 generated during the production cycle of precast concrete columns [27] . The cost over the life cycle can also be calculated based on the LCA; for example, Mclellan et al. (2011) compared the lifecycle cost and CO 2 emissions of OPC and geopolymers in Australia [9] . The objective of this paper is to optimize concrete mixture design using adaptive surrogate model in order to mitigate its CO 2 emissions and cost.
Materials and Methods
The design of the concrete mixture optimization process was divided into four steps: (i) selecting sample points using LHS; (ii) building an adaptive surrogate model of concrete mixtures with three different strengths; (iii) calculating the cost and CO 2 emissions of concrete; and (iv) combining the GA with the model to select the optimal concrete mixture.
Latin Hypercube Sampling
The test design is used primarily to determine reasonable methods for acquiring test data. If the arrangement of tests is reasonable and there are few tests required, satisfactory results can be achieved [28] . Usually, the test design includes LHS and orthogonal tests but LHS is more flexible and controllable than the latter for the following reasons. First, the number of experiments can be controlled. Second, LHS design is a space-filled design that allows combinations of input to fill up relatively even test intervals, which ensure more uniformity than in the orthogonal test. Third, LHS design does not get its own test table like orthogonal and uniform experimental design. The main principle is as follows: Let N denote the required number of realizations and K the number of random variables. The sampling space is then K-dimensional. An N × K matrix P, in which each of the K columns is a random permutation of 1, . . . , N and an N × K matrix R of independent random numbers from the uniform (0,1) distribution is established [29] .
Optimization Methods
GAs, one of the most common optimization methods, are utilized to find optimal solutions by simulating the natural evolution process [30] . However, GAs often finds local advantages, which are "premature." Multi-island GAs prevents the problem of prematurity because many "islands" are added on the basis of the GA. Some individuals can migrate between the islands. Therefore, multi-island GAs can avoid a local optimum and achieve a global optimum.
Extended Radial Basis Function Models
Research experiments are generally expensive, and they require a large amount of resources. Hence, design optimization using the ERBF surrogate model can be used to reduce the total number of experiments needed, which is very important to ensure low costs.
ERBF methods are an extension of the RBF. The ERBE approach results in an underdetermined system of linear equations, which yields a family of solutions. This powerful new technique allows the designer more freedom in building metamodels and ultimately results in more accurate and effective metamodels [31] , which is expressed in terms of the Euclidean distance (r = x − xi ) from one generic point x to a given data point x i that is defined as:
where c denotes a prescribed parameter, which ensures the validity of the Euclidean distance [32] . The RBF is a linear combination equation, which is expressed as:
where σ i is an unknown factor to be solved for and n p denotes the number of sample points. The above equations are expressed in the form of a matrix, as shown below: 
where A ik is calculated using the Euclidean distance of point x i and x k . σ is obtained by solving Equation (3) . The Euclidean distance between an undiscovered point x and each data point (x 1 , x 2 , . . . , x np ) within the design domain is expressed as:
The RBF interpolation results for a generic point x are represented as:
Typical RBF methods only offer one interpolative solution to the surrogate model. Mullur and Messac (2005) proposed a surrogate model of the ERBF [32] , where they defined one coordinate vector as ξ i j = x j − x i j , which expresses the coordinate of all the x points within the design domain relative to sample point x i in the jth dimension and the non-RBFs are defined as: 
Here, n and γ are specified parameters. The ERBF approach serves as one surrogate model method, combining the RBF and the non-RBF, which is expressed as:
and
where 
Hence, f (x k ) is expressed as:
Among the k-th row of B is indicated as:
B Lk is expressed as:
In addition,
Hence, Equation (15) is expressed as:
Vector α is obtained by solving Equation (20) . The Euclidean distance and the non-radial basis value of the sample point x with respect to each data point (x 1 , x 2 , . . . , x np ) is expressed as:
The ERBF interpolation results for generic point x is represented as:
ERBF methods offer the designer remarkable freedom and flexibility compared to traditional RBFs with regard to the process of constructing the surrogate model. In addition, research results demonstrate that ERBF methods have a higher accuracy rate in some research fields.
The normalized root mean squared error (NRMSE) is adopted for measuring the accuracy of the surrogate model. It is defined as:
The descriptive error measure indicates the error of the adaptive surrogate model. A low NRMSE value suggests a good fit, while a high NRMSE value suggests a bad fit.
In order to decrease the number of experiments required and enhance the surrogate model's adaptive ability [33] , several scholars propose the combination of adaptive sampling and the surrogate model in order to minimize resource costs and the computational time [34] . Chen et al. (2014) enhanced the efficiency of the Kriging surrogate model by utilizing local adaptive sampling methods [22] . A multi-island GA-based adaptive sampling approach was therefore proposed to verify the accuracy of the adaptive surrogate model [24] . Hence, an adaptive surrogate model based on ERBFs and adaptive sampling was selected for use in this study.
Calculation of Costs and CO 2 Emissions
Based on the LCA, the assessment of the costs and CO 2 emissions for one concrete mixture is supposed to incorporate the phases of material production, transportation and construction [8, 35] . The material production, transportation and construction stages includes the costs and CO 2 emissions produced during concrete production, transportation and construction, respectively. Therefore, the concrete costs and CO 2 emissions can be expressed as shown in Equations (24) and (25), respectively.
where Cost m denotes material costs, Cost t denotes concrete material transportation costs, Cost c denotes concrete construction costs, CO 2−m denotes the CO 2 emissions during material production, CO 2−t denotes the CO 2 emissions during material transportation and CO 2−c denotes the CO 2 emissions during construction.
Material Manufacture
Material Costs represent the money needed for material purchase. In other words, the material costs are calculated based on the amount of material needed and cost per unit, as shown in Equation (26) . The carbon emission factor is necessary for assessing CO 2 emissions produced during material production. The CO 2 emissions are calculated from the product of the CO 2 emission factor and the total amount of construction materials used, as shown in Equation (27) .
Here, Q i denotes the i material quantity (kg), UC i denotes the i material unit price per unit weight (yuan/kg) and EF i denotes the i material emission factor (kg-CO 2 /kg).
Transportation
The costs and CO 2 emissions of concrete during transportation are calculated on the basis of the equipment used, as shown in Equations (28) and (29) .
Here, TD i denotes the transportation distance from the construction site to the factory to produce the i materials (km), Q i denotes the quantity of the i materials (kg), C j denotes average carrying capacity of the vehicle used to transport type i materials (kg), SM j denotes the j vehicle standard movement per hour (km/h), UC j denotes the j vehicle unit cost per unit time ($/h), FE ji denotes unit fuel consumption of the j vehicle used to transport type i materials (kg/km) and EF j denotes the j vehicle fuel emission factor (kg-CO 2 /GJ).
Construction Work
The costs and CO 2 emission during construction are calculated on the basis of the equipment used, as shown in Equations (30) and (31) .
Here, P di denotes electric power of the type i machines and tools (kW); T di denotes operating hours of type i machines and tools (h); N i denotes number of type i machines and tools (units); UC e denotes the electricity unit costs ($/kWh); and EF e denotes the electricity emission factor (kg-CO 2 /kWh).
EF is the emission factor. Emission factors of different materials and energies are different. The emission factors of materials and energies were obtained through relevant literature, as shown in Table 2 . 
Concrete Mixture Optimization Algorithm for Adaptive Surrogate Model
The multi-island GA method is combined with an adaptive surrogate modeling approach to achieve concrete mixture optimization. The concrete mixture optimization process is shown in Figure 2 . The original sampling points are obtained by employing the LHS method. The results of the original sample point are used to construct the ERBF surrogate model. With regard to the convergence criterion, if the iteration converges based on the standard error measure, the surrogate model black box is constructed if the convergence conditions are met. Otherwise, new points are searched for using the adaptive sampling technique. The Euclidean distance between the new sample point and the selected sample point is assessed. If the iteration converges during the search for a new sample point, this point is appended to the model simulations; else, the population of the multi-island GA is updated. Iteration convergence indicates the end of the process or that the population of the multi-island GA has been updated. 
Concrete Mixture Optimization Based on Adaptive Surrogate Model

Problem Definition
The surrogate model was used to find the optimal concrete mixture with the lowest cost and CO2 emission using as little experimental data as possible. Three kinds of concrete mixtures with different strength were selected based on a study at the local concrete mixture station, which will be the basis of the optimal design of concrete mix and the reference objects to the optimal mix, as shown in Table 3 . 
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Concrete Mixture Optimization Using Surrogate Model
Before the optimization of the concrete mixture using the surrogate model, it is necessary to set up a black box. Fifteen original sample points for each concrete were selected using the LHS method. The new sample points were selected using the adaptive sampling method when the surrogate models did not reach a convergence tolerance of 0.02. The new sample points were placed in the sparsely populated area formed by the original sample points, thereby improving the veracity of the updated surrogate model. That is, the number of sampling points is minimized under the condition that the convergence tolerance of the adaptive surrogate model is a fixed value. Take into account these sample points, the specimens were poured (Figure 3a) , placed in 20 • C and 95% RH curing tanks for 28 days (Figure 3b ) and tested under various pressures, as shown in Figure 3c ,d. The results showed that the adaptive surrogate model had a convergence tolerance of 0.02. 2, 2 and 3 new sample points were added for C70, C40 and C30 concrete respectively, the arrows indicated the order in which new sample points were obtained, as shown in Figures 4-6 . The sample points of the fly ash and phosphorus slag for the three types of concrete are listed in Table 4 . When the total amount of cementitious material is constant, the replacement rate of cement with fly ash and phosphorous slag is within 38%. This adaptive sampling method requires a minimum number of sample points of concrete to satisfy a surrogate model error of 0.02. The experimental results of the pressure strength, CO 2 emissions and cost of the three strength concrete sample points for 28 days are shown in Table 5 , where F cu,k = 70 stands for that design strength is C70, F cu,k = 40 stands for that design strength is C40,F cu,k = 30 stands for that design strength is C30. Not all concrete can achieve the required compressive strength due to the mix has changed, CO 2 emissions and costs of sample points of the three strength concretes are different, which lays a foundation for establishment of surrogate model. A surrogate model based on the sample points of the 3 types of concrete with different strength was constructed to optimize the concrete mixture with the lowest carbon emissions and cost. The multi-island GA was used to select the values of fly ash and phosphate slag; then, the optimal concrete mixture with the lowest CO 2 emissions and cost was obtained using the surrogate model black box based on these values. Finally, if the result does not converge, the group in the multi-island GA is updates and the range of fly ash and phosphate slag is selected; however, the optimal concrete mixture was obtained. The objective function of this optimization problem is as follows:
Here, F 1 is the lowest CO 2 emission and cost; x and y are the design variables; x 1 , x 2 and x 3 respectively represent the fly ash values for the concrete mixtures with intensities of 70, 40 and 30; and y 1 , y 2 and y 3 respectively represent the phosphorus slag values for the concrete mixtures with intensities of 70, 40 and 30. The strength requirement must be met as a boundary condition.
Discussion
Optimization History of CO 2 Emissions and Cost for Each Type of Concrete and Distribution of Control Points
The optimal value tends to be stable as the number of iterations increases. There are 10 islands in the multi-island GA due to the existence of 10 locally optimal solutions. However, there is just one globally optimal solution. When the boundary condition is satisfied, the minimum stable value of the generation process represents the optimal value. Figure 7a shows optimization history of the cost of C70 concrete. Iteration reaches the 1001st time, the optimal cost is 2233.16 yuan/m 3 . The optimum point is indicated by the red circle in Figure 6b 
Comparison of Reference and Optimal Mixtures of Concrete
Concrete mixture from the Kaili concrete plant was used as the reference sample, which was compared with the optimal concrete mixture based on the surrogate model, comparison of reference and optimal mixtures of concrete is shown in Table 6 . 
Concrete mixture from the Kaili concrete plant was used as the reference sample, which was compared with the optimal concrete mixture based on the surrogate model, comparison of reference and optimal mixtures of concrete is shown in Table 6 .
For C70 concrete, the fly ash in the optimized mixture decreased by 0.73 kg/m 3 , the phosphorus slag increased by 91.61 kg/m 3 and the cement decreased by 90.88 kg/m 3 compared with those of the reference sample. However, the CO 2 emissions decreased by 553.61 kg/m 3 and the cost decreased by 93.6 yuan/m 3 compared with those of the reference sample, respectively.
For C40 concrete, the fly ash in the optimal concrete mixture increased by 92.99 kg/m 3 , the phosphorus slag increased by 53.01 kg/m 3 and the cement decreased by 146 kg/m 3 compared with those of the reference sample. However, the CO 2 emissions decreased by 113.51 kg/m 3 and the cost decreased by 126.56 yuan/m 3 compared with those of the reference sample.
For C30 concrete, the fly ash in the optimized mixture increased by 53.56 kg/m 3 , the phosphorus slag increased by 41.39 kg/m 3 and the cement decreased by 94.95 kg/m 3 compared with those of the reference sample. However, the CO 2 emissions decreased by 75.17 kg/m 3 and the cost decreased by 78.68 yuan/m 3 compared with those of the reference sample, respectively. 
Comparison of Optimal Mixtures of Concrete
Based on a comparison of the three types of concrete, it was found that the CO 2 emissions and cost increase with increasing strength, which is consistent with a previous study [11] . Figure 13a shows that the cement content varies greatly and C70 concrete has the highest amount of cement, which results in higher CO 2 emissions. The carbon dioxide emissions of the optimized mix C70, C40 and C30 concrete are quite different, which are respectively 219.95 kg/m 3 , 148.09 kg/m 3 and 130.33 kg/m 3 . The cost difference between the three types of concrete is not significant. Although the cost of C70 is the highest, the difference is less than 0.3%, as shown in Figure 13b . Therefore, the amount of cement plays a key role in the concrete CO 2 emissions and the optimal mix is of great significance to reduce the carbon emission of concrete.
This work showed that optimization of concrete mixture design using adaptive surrogate model can reduce CO 2 emissions and cost of concrete. Before concrete production, this method can be used to find the optimal mix with the lowest carbon emission and cost, which not only reduces the damage to the environment but also can make better use of fly ash and phosphorus slag. On this basis, the optimal mix ratio system of concrete can also be built, which will beneficial to decrease the environmental burden of global concrete [41] .
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Conclusions
This paper reported the optimizing design of a concrete mixture in order to reduce its CO2 emissions and cost using an adaptive surrogate model. From a sustainability perspective, this paper provides a technological approach to reducing concrete carbon emissions, which has implications for decreasing the environmental burden of concrete. In addition, based on a comparison of concrete optimal mix, it was found that optimized concrete's CO2 emissions were less than the reference samples and the reduction of carbon emissions did not lead to an increase in costs. In this way, we can optimize concrete of different strength to reduce carbon dioxide emission and establish optimized mix system of concrete. It is possible to verify that optimization of concrete mixture design using adaptive surrogate model is a sustainable method and a feasible path to improve the environmental performance of the concrete industry. The major contributions of this study are as follows:
First, the adaptive surrogate model was utilized to optimize concrete mixtures by using an objective function based on the CO2 emissions and lowest cost and the amount of fly ash and phosphorous slag were used as the design variables. Fifteen original sample points of three types of concrete with different strength were selected using the LHS method. New sample points numbering 2, 2 and 3 were added based on the adaptive sampling method for C70, C40 and C30 concrete, respectively, to meet the 0.02 error tolerance range of the surrogate model. 
This paper reported the optimizing design of a concrete mixture in order to reduce its CO 2 emissions and cost using an adaptive surrogate model. From a sustainability perspective, this paper provides a technological approach to reducing concrete carbon emissions, which has implications for decreasing the environmental burden of concrete. In addition, based on a comparison of concrete optimal mix, it was found that optimized concrete's CO 2 emissions were less than the reference samples and the reduction of carbon emissions did not lead to an increase in costs. In this way, we can optimize concrete of different strength to reduce carbon dioxide emission and establish optimized mix system of concrete. It is possible to verify that optimization of concrete mixture design using adaptive surrogate model is a sustainable method and a feasible path to improve the environmental performance of the concrete industry. The major contributions of this study are as follows:
First, the adaptive surrogate model was utilized to optimize concrete mixtures by using an objective function based on the CO 2 emissions and lowest cost and the amount of fly ash and phosphorous slag were used as the design variables. Fifteen original sample points of three types of concrete with different strength were selected using the LHS method. New sample points numbering 2, 2 and 3 were added based on the adaptive sampling method for C70, C40 and C30 concrete, respectively, to meet the 0.02 error tolerance range of the surrogate model. Second, the results show that fly ash and phosphorous slag have a significant influence on the CO 2 Third, based on a comparison of the concrete mixture from the Kaili concrete plant, which was used as a reference sample and the optimal concrete mixture based on the surrogate model, optimized concrete's cost and CO 2 emissions were less than the reference sample's. It was found that the cost of the optimized concrete decreased by 93.60 yuan/m 3 , 126.56 yuan/m 3 and 78.68 yuan/m 3 and the CO 2 emissions decreased by 553.61 kg/m 3 , 113.51 kg/m 3 and 75.17 kg/m 3 for C70, C40 and C30 concrete, respectively, compared with those of the reference sample.
In addition, this paper also has a few deficiencies. In the optimization, only the strength requirement as a mechanical property which must be met is incomplete. In fact, there are also other mechanical properties. For instance, dissipative behavior must be affected by the particular mixture adopted or the swelling potential, shrinkage limits [42, 43] . Those experimental studies will be drawn up and presented in a further work.
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